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Abstract. There are numerous studies that examine the impact of social media on the stock market 
performance but there is a paucity of such evidences from the emerging economies. Today many 
multinational banks and other financial conglomerates from the developed countries are expand-
ing their operations to the emerging markets, known for their rapid growth. The businesses in 
developed countries prefer using social media to reach out to their stakeholders. This might be a 
challenge as emerging markets are very different from the developed markets in terms of infrastruc-
ture and stock market development. This study performs the sentiment analysis of the tweets about 
the Indian companies that are a part of Nifty50 or any sectorial index, for a period of 15 months. 
The results from the Granger-causalty tests indicate that the Twitter sentiments have a significant 
relationship with the indices related to the banking and financial sectors of the Indian stock mar-
kets. Results from the Impulse Response Function reveal that, on the index returns, the impact of 
the negative sentiments stays for a longer period of time than the positive sentiments. This study 
would help businesses use social media effectively for information sharing and dissemination in 
the new environment.

Keywords: emerging economies, sentiment analysis, social media, Twitter, Indian stock markets, 
market efficiency, impulse response.
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Introduction

Today people are increasingly choosing various online news channels, blogs, virtual 
communities, and social media networking websites such as Facebook, Twitter, etc., to keep 
themselves updated about major events around the world as well as to express their emo-
tions/ opinions on various issues (Kapoor et al., 2017). The vast amount of data available 
on the internet is being used by businesses in order to improve their understanding of their 
stakeholders and manage risks (Lahey, 2016). This huge amount of information available on 
the internet has attracted the attention of researchers in myriad ways, e.g. researchers have 
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analyzed the use of social media data by the startups (Kim & Choi, 2019), for examining the 
role of social media in enhancing the collaborative initiatives in temporary project organiza-
tions (Rimkuniene & Zinkeviciute, 2014), its applications in formulating marketing strategies 
(Ahmed et al., 2017; Klepek & Starzyczná, 2018), etc.

Social media has now become an extremely popular communication channel as it is 
easy to share information over social media. The researchers have studied various social 
media platforms such as Facebook (Siganos et  al., 2014), yahoo messenger (Antweiler 
& Frank, 2004), StockTwits (Oliveira et al., 2016), etc., for investigating their impact on 
the stock markets. Twitter has been chosen for this study as it is a favored social media 
platform for sharing financial information, and the Twitter based trading systems have 
also been popular among investors (Sprenger et  al., 2014). There have been plenty of 
evidences to suggest that the public sentiments expressed on Twitter have significant 
predictive power over the performance of the stock market indicators (e.g. He et al., 2016; 
Liu et  al., 2015; Risius et  al., 2015). However, the researchers in this area have mostly 
explored the developed markets, whereas the developing economies’ markets are yet to 
be fully explored in light of the information diffusion through the social media (Agarwal 
et al., 2019). The studies on the developing countries have majorly paid attention to test 
only the weak form market efficiency (e.g. Mobarek & Fiorante, 2014). Since the degree 
of the irrationality of the investor behavior and the inefficiency of stock markets is not 
the same across the countries (Chui et al., 2010), it is imperative to explore the behav-
iour of stock markets in emerging economies with regards to the information available 
through the social media. The stock markets of the developing countries are still not fully 
evolved as compared to the developed countries in stock market development (Claessens 
& Yurtoglu, 2013).  

Twitter is a popular social media platform with 330 million active users worldwide 
(Clement, 2019). The information on Twitter has been found to have a huge impact on 
the financial markets; for example, in 2013, the U.S. markets plunged by almost 1% within 
3 minutes of a false news about the bomb attack on White House from the hacked Twit-
ter handle of Associated Press, resulting in heavy losses (Selyukh, 2013). Twitter is an 
important social media platform for India. Although Twitter does not officially disclose 
numbers, Taranjeet Sinha (director, India operations for Twitter), in an interview, re-
vealed that India became the fastest growing market for Twitter (in terms of daily active 
users) in 2017. India almost grew five times as a market for Twitter than the global aver-
age (Chaturvedi, 2017). Furthermore, several evidences suggest that the information on 
Twitter might have an influence over the Indian investors and the markets, e.g., Security 
and Exchange Board of India [SEBI] issued a warning to an investment advisor against 
the use of Twitter for giving advice related to the stock markets to the investors, to pro-
tect the interests of the investors (SEBI, 2018). More recently, it was seen that when the 
Nifty futures trading on the Singapore exchange fell 200 points in reaction to the Iranian 
missile attack on U.S. troops, the stocks recovered 100 points when the U.S. president’s 
tweet eased down the possibilities of a rise in the US-Iranian tensions (ETMarkets.com, 
2020). Also, India’s Nifty shares closed 1.58% higher after the U.S. President’s response 
on Twitter (George, 2020). 
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Following are the main contributions of this paper to the existing literature:
a. It gives a comprehensive view of how the information over the Twitter affects the 

stock markets of a developing country, with evidences from India.
b. It explores, for the first time, according to our knowledge, the impact of Twitter 

sentiments on the broad market indices as well as the indices of the different sec-
tors of a country’s economy.

c. It investigates the impact of positive and negative sentiments on the stock markets 
(broad market indices and the sectorial indices) of a developing country. 

In this study, sentiment analysis of the tweets about the Indian companies that are a part 
of the National broad market index Nifty50 and the other 11 sectorial indices of the Indian 
economy has been performed using VADER. It has been specifically attuned to capture the 
sentiments (expressed through emoticons, acronyms, and abbreviations) in micro-blog like 
contexts. It also classifies each tweet as positive or negative. The stock market data has been 
used for the same indices. Various statistical tests are then conducted to find out a relation-
ship between the Twitter sentiments and the stock market indices. The results have been 
confirmed by using the lexicon based approach for sentiment analysis.

This paper has been organised into 6 sections. Section 1 describes the available literature 
in the area and highlights the gaps in the existing literature. Section 2 illustrates the data and 
methodology used for sentiment analysis and the calculations for the stock market indicators 
used in this paper. Section 3 provides the results of the contemporaneous correlation and 
Granger Causalty between the Indian stock market indicators and the Twitter sentiments. 
Section 4 provides further details of the Twitter information has an impact Impulse Response 
Function used for the empirical analysis and describes how the on the obtained results. 
Section 5 tests the robustness of the sentiment analysis process and the results. Section 6 
discusses the findings of the paper with practical implications and suggestions for future 
research. Last Section concludes the present study.

1. Literature review

The Efficient Market hypothesis states that the stock prices already fully reflect all the rel-
evant market information and therefore cannot be predicted (Fama, 1965). However this 
theory was revised and on the basis of the “relevant information” that should be reflected in 
the market prices of a stock, three levels of market efficiency were introduced, weak form 
efficiency (the changes in historical price and volume), semi strong form efficiency (all the 
publicly available information) and the strong form efficiency (all the relevant public as well 
as private information) (Malkiel & Fama, 1970). 

In this era of Big Data, prediction of stock prices using information available on the 
social media has been widely studied. Many researchers have investigated the role of Twitter 
information in the financial markets (e.g. Bollen et al., 2011; Tetlock, 2007). Zheludev et al. 
(2014) extracted positive and negative emotions from the Twitter and demonstrate that it 
can significantly predict the future prices of the S&P500 index. Research has shown that the 
negative emotions as expressed on Twitter have a significant impact on the firm-specific stock 
prices (He et al., 2016; Risius et al., 2015). Liu et al. (2015) identified homogenous groups 
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of firms with stock co-movements using Twitter based metrics like number of tweets, fol-
lowers, etc. Daily happiness index (constructed by the sentiment analysis of the 10% of all 
the Twitter messages) has been widely used to study the impact of the social media on the 
financial markets. Zhang et al. (2016) observed that the online sentiments from Twitter hap-
piness index have significant predictive power over the stock market performance indicators 
(index returns and range-based volatility) of the 11 developed countries. You et al. (2017) 
investigated the relationship between the stock markets of 10 developed countries and Twit-
ter happiness index. The authors found that the stocks with higher returns get more influ-
enced by the investor sentiments than the stocks with lower returns. More recently, Zhang 
et al. (2018) examined the impact of Twitter sentiments on the index returns of 40 countries 
from 4 regions: America, Europe, Asia Pacific, and Middle East and North Africa. They 
observed interdependencies between the online activities on Twitter and the stock market 
performance. Leitch and Sherif (2017) constructed a Twitter sentiment score to forecast stock 
returns for the firms. Many recent researches have also established that the user generated 
content on the social media has a significant influence on the movements in the stock mar-
kets (Fan et al., 2020a, 2020b; van Dieijen et al., 2020).

However, it has been observed that most of this research is concentrated on the markets 
of the developed countries (Agarwal et al., 2019). The influence of the Twitter information 
on the markets of the emerging economies needs to be explored, as the irrationality of the 
investor behavior and the degree of inefficiency of stock markets differs across the countries 
(Chang & Lin, 2015). There is still exiguous literature available till now to help understand 
and quantify the impact of the Twitter sentiments on the Indian Stock Markets (e.g. Kaushik 
et al., 2017). Moreover, most of the studies in the area have examined the impact of social 
media content on the stock market performance of a country using the national indices or 
have studied the influence on the performance of some individual listed companies; but the 
impact of the social media on the indices of the various sectors of the economy of a coun-
try is yet to be explored. It has been observed that the rate of social media adoption varies 
across the industries, e.g. I.T. industry is among the pioneers in adopting the social media 
whereas the Energy, Metals, and mining sectors being the laggards in this respect (Culnan 
et al., 2010). 

According to the World Federation of Exchanges (WFE), the National Stock Exchange 
(NSE), India is the second largest in the world by equity trading volume in 2018 (National 
Stock Exchange [NSE], 2019). Bhardwaj et al. (2015) demonstrated techniques that can be 
used for sentiment analysis for the live server data from the Indian stock exchanges. How-
ever, none of the techniques were implemented by them. In an event study, tweets were 
collected around a major event in the Indian economy – Demonetization, to find whether 
the public sentiments expressed on Twitter influence the movements  of the Indian stock 
markets (Mohan & Kar, 2017), but no significant relationship was found. Nayak et al. (2016) 
attempted to forecast the Indian stock markets using the twitter sentiment, using machine 
learning technique – Support Vector Machine. But they did not discuss the statistical sig-
nificance of their results. None of the studies so far have compared the influence of negative 
and positive public sentiments as expressed on the Twitter, on the Indian equity markets. 
A few more studies have suggested that information from the internet does not have any 
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significant predictive power over investor sentiments e.g. Kim & Kim (2014). They used the 
messages posted on the yahoo finance message board. The sentiment of the messages used in 
this study was among the five categories “Strong Buy”, “Buy”, “Hold”, “Strong Sell” and “Sell” 
that is explicitly provided by the message board to the retail investors.

This study seeks to answer the research question: How does the information over Twit-
ter influence the Indian stock markets? For this, the following hypothesis are proposed as 
shown in Table 1. 

Table 1. Table of hypotheses

H1 There is no relation between returns of NIFTY 50 and positive Twitter Sentiment.
H2 There is no relation between returns of index Nifty Auto and positive Twitter Sentiment.

H3
There is no relation between returns of index Nifty Pharma and positive Twitter 
Sentiment.

H4 There is no relation between returns of index Nifty Bank and positive Twitter Sentiment.

H5
There is no relation between returns of index Nifty PSU Bank and positive Twitter 
Sentiment.

H6
There is no relation between returns of index Nifty Private Bank and positive Twitter 
Sentiment.

H7 There is no relation between returns of index Nifty Realty and positive Twitter Sentiment.
H8 There is no relation between returns of index Nifty FMCG and positive Twitter Sentiment.

H9
There is no relation between the returns of index Nifty Media and positive Twitter 
Sentiment.

H10
There is no relation between the returns of index Nifty Metals and positive Twitter 
Sentiment.

H11 There is no relation between the returns of index Nifty IT and positive Twitter Sentiment.

H12
There is no relation between the returns of index Nifty Financial Services and positive 
Twitter Sentiment.

H13 There is no relation between returns of NIFTY 50 and the negative Twitter Sentiment.
H14 There is no relation between returns of index Nifty Auto and negative Twitter Sentiment.

H15
There is no relation between returns of index Nifty Pharma and negative Twitter 
Sentiment.

H16 There is no relation between returns of index Nifty Bank and negative Twitter Sentiment.

H17
There is no relation between returns of index Nifty PSU Bank and negative Twitter 
Sentiment.

H18
There is no relation between returns of index Nifty Private Bank and negative Twitter 
Sentiment.

H19 There is no relation between returns of index Nifty Realty and negative Twitter Sentiment.

H20
There is no relation between returns of index Nifty FMCG and negative Twitter 
Sentiment.

H21 There is no relation between returns of index Nifty Media and negative Twitter Sentiment.
H22 There is no relation between returns of index Nifty Metals and negative Twitter Sentiment.
H23 There is no relation between the returns of index Nifty IT and negative Twitter Sentiment.

H24
 here is no relation between the returns of index Nifty Financial Services and negative 
Twitter Sentiment.
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2. Data and methodology

This paper investigates relationship between the information on the Twitter and the Indian 
stock markets. This study extracts two different kind of information from the twitter: a) 
optimistic public sentiments, b) pessimistic public sentiments. The daily Twitter data and 
the stock market data has been collected for the period of 15 months (i.e. 1, Aug 2017 to 10, 
Nov 2018).

2.1. Collection of social media data

The Twitter API has not been used because it has been criticized for being restricted by 
Twitter to sourcing tweets in last 8–9 days only from the search date (Leitch & Sherif, 2017). 
Therefore, a bespoke code was written specifically for this study to extract data from Twitter, 
using Python. Only the tweets about the companies (144) that are a part of the Nifty50 or 
the 11 sectorial indices of the Indian economy (Nifty Realty, Nifty Auto, Nifty Bank, Nifty 
Pharma, Nifty PSU Bank, Nifty Financial Services, Nifty Private Bank, Nifty FMCG, Nifty 
Metals, Nifty Media, Nifty IT), have been considered. Approximately 16.4 million Twitter 
tweets were collected for the study. The keyword search (mentions, twitter handles, stock 
symbols and the company names) is used for data collection. 

2.2. Collection of stock market data

The daily stock market data is collected from the NSE website (NSE, 2019). All the market 
indices are rebalanced semi-annually and additional reconstitution of the indices also takes 
place in case any of the constituent companies undergoes a scheme of arrangement for cor-
porate events such as merger, suspension, spin-off, etc. The Twitter data as well as the stock 
market data has been collected carefully, taking care of all the inclusions/exclusions done in 
the indices during the sample period.

Twitter platform has been specifically chosen for this study and the other popular online 
sources of social media information have not been included, e.g. Facebook, Snapchat, and In-
stagram, because of three reasons. Firstly, it is not possible to extract data from the Facebook 
due to the restrictions after the Cambridge Analytica Scandal in early 2018 (Gonzalez, 2018). 
Secondly, earlier research has found evidences to suggest that while the sentiments expressed 
on the Facebook/Twitter/stock message boards can influence the financial decisions, in con-
trast to the Snapchat and Instagram that are used by people primarily for entertainment, 
following fashion and sharing personal content (Phua et al., 2017)this study examined con-
sumers’ use of one of four social networking sites (SNSs. Other specialized social networks 
in financial markets such as StockTwits or Scutify have not been used in this study as the 
Indian companies/markets do not have any presence on these networks.

The market indicators examined in this research are: Open-to-close returns and range-
based volatility. There are a few reasons for choosing these variables. The Open-to-close 
returns are chosen for the study instead of Close-to-close returns because they suffer from 
non-trading day gaps (when trading is closed due to weekends and holidays). The investors 
might consider cashing out their assets in the holiday period and re-enter the market on the 
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next trading day. Also, it has been observed that the traders are more active in the beginning 
and end of the week as compared to the mid-week. This makes close-to-close returns suf-
fer from seasonality patterns (Li et al., 2014). Similarly, the range based volatility measures 
are found to be highly efficient and more robust than the returns based volatility measures 
(Díaz-Mendoza & Pardo, 2019; Garman & Klass, 2002). Researchers have observed that the 
in-sample models that incorporate non-trading days period effects, using GARCH models 
do not show any increase in the forecasting ability in comparison to the models that do not 
allow for these effects (Hansson & Hördahl, 2005). Following these researchers, the variables 
used in this study have been defined as follows.
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where ,i jRet  denotes Open-to-Close returns on any trading day p for index q. ,p qClose  and 

,p qOpen  are the closing and opening prices on trading day p for index q. ,i jRv  represents 
the volatility (range-based) on any trading day i for index j, 2

,  i jhl is the difference in natural 
logarithms of the highest and lowest prices on trading day i for index j and 2

,i joc  is the dif-
ference in natural logarithms of the opening and closing prices on trading day i for index j.

2.3. Sentiment analysis

The sentiment analysis of the Twitter messages is done using VADER – a parsimonious rule 
based, human validated sentiment analysis method. VADER has been found to outperform 
individual human raters in assessing the sentiments of the tweets and also generalizes more 
favorably across contexts than any other tools i.e. LIWC, ANEW, the General Inquirer, Sen-
tiWordNet and other machine learning oriented approaches such as Naïve Bayes algorithm, 
SVM, etc. (Hutto & Gilbert, 2014). Its sentiment intensity scores, also known as valence 
scores have been rated by the human raters. For example, the words like “good” has a positive 
intensity score of 1.9 whereas the word “great” has a score of 3.1. This results in two scores 
of interest: positive sentiment score and the negative sentiment score. To assess the overall 
sentiment of the text, a compound sentiment score is then calculated by weighting each word 
in the social media message/post by the five rules that alter the sentiment intensity of the 
word (due to negation, emoticons, exclamation marks, etc.) and then normalizes (between –1 
to +1) the sum of valence scores for each word in the lexicon. The compound score is then 
compared to a threshold value (0.5, as recommended by the VADER’s creators) for classifica-
tion as either positive or negative. 

Since the VADER does not require a training data and is constructed using domain inde-
pendent lexicon rated by the human raters. It has been used by researchers for the sentiment 
analysis of the social media texts in a variety of disciplines, e.g. online health information 
(experiences and opinions of the patients regarding the treatments received), (Hart et al., 
2020), movie reviews posted online where VADER outperformed other sentiment analyzers 
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such as Textblob and NLTK (Kumaresh et al., 2019), product reviews posted by the con-
sumers on the Amazon (Bag et al., 2019), etc. This study uses VADER to compute the daily 
average positive and negative scores, to represent the daily optimistic and pessimistic public 
sentiments on the Twitter for each sector, as following:
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where Avg_Posi,j (Avg_Negi,j) represents the optimistic (pessimistic) public sentiment on 
social media for the economic sector j on day i, ( ), , Negi j Posi jSum Sum  is the sum of the 
scores of the social media messages/posts with negative (positive) compund score, for all 
the constituent companies of the economic sector j on day i and ,Negi jTotal  ,( )Posi jTotal  is 
the total number of negative (positive) messages/posts on social media for all the constituent 
companies of the economic sector j on day i.  

3. Analysis and results

3.1. Contemporaneous correlation

This section explores the contemporaneous effect of public sentiments as expressed on the 
Twitter on the Indian equity market indicators. The results of the same have been depicted 
in Tables 2 and 3. 

Table 2. Kendall correlation coefficients between Avg_Pos and Indian Stock market indicators

Index
Stock Market Indicators

Ret Rv

Nifty Auto .043 –.002
NIFTY Bank –.021 –.006
NIFTY Financial Services –.021 .192**
NIFTY FMCG .002 .048
NIFTY IT –.031 .015
NIFTY Media .026 .028
NIFTY Metals –.013 –.013
NIFTY Pharma –.064 .036
NIFTY PSU BANK –.038 –.019
NIFTY Pvt Bank .002 .228**
NIFTY Realty –.076 .028
NIFTY50 .050 .166**
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Table 3. Kendall correlation coefficients between Avg_Neg and Indian Stock market indicators

Index
Stock Market Indicators

Ret Rv
Nifty Auto –.058 .023
NIFTY Bank –.001 .193**
NIFTY Financial Services –.043 –.024
NIFTY FMCG –.042 –.013
NIFTY IT .037 .051
NIFTY Media –.059 –.033
NIFTY Metals –.112* –.008
NIFTY Pharma .047 –.114*
NIFTY PSU BANK .060 –.037
NIFTY Pvt Bank .110* .017
NIFTY Realty .082 –.007
NIFTY50 –.011 .026

Table 2 and Table 3 clearly show that the correlation between the returns from the Nifty50 
and the Twitter sentiments is insignificant. The returns for the Metals and the Private Banks 
sector are also found to be correlated to the negative sentiments derived from the Twitter 
messages. Hence we fail to accept the hypothesis H18 and H22.

3.2. Lead-lag relationship

The causal relationship between the positive and negative Twitter sentiments and the Indian 
stock market indicators (i.e., stock returns and the range based volatility) is examined using 
the Granger Causalty tests, using the following models (Enders & Granger, 1998).

 1  1 1  ;f fs
t P i i t i j j t j tiP u P Q= − = − == +∑ λ +∑ δ + ε  (5)

 1 1 1 1 ,f s f
t Q i i t j j t j tQ u Q P= − = − == +∑ λ +∑ δ + ε  (6)

where f  and s  represent the lag length, tP  denotes different stock market variables, i.e., 
stock returns and the range based volatility with respect to the Indian equity markets,  tQ  
denotes the sentiment proxies i.e., Avg_Pos, Avg_Neg, and Pol. λ  and δ  are the coefficients, 

pu  and Qu  are the intercept terms and tε  is the regression error. tP  and tQ  confirm the 
stationarity property (through KPSS and ADF test). The selection of the lag length is based 
on the Bayesian Information Criteria (BIC) (Siganos et al., 2014). The selected lags for the 
models in Eq. (5) and Eq. (6) vary across different variables (  tP and  ).tQ  Table 4 and Table 5 
show the Granger causality results for Nifty50 and the 11 sectorial indices.

The results from the Granger causality tests show that the public sentiments expressed on 
social media (both the optimistic and the pessimistic sentiments) can granger-cause the re-
turns of the sectorial indices related to the banking and financial services industry i.e. NIFTY 
Bank, NIFTY Financial Services, and the NIFTY Private Bank. Hence we fail to accept the 
hypothesis H4, H6, H12, H16, H18, and H24.
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Table 4. Table depicts the outcome of the Granger-causality test between the Open-to-close returns and 
the sentiment indicators Avg_Neg and Avg_Pos. The table displays the F-statistics and the critical values 
are put in the parenthesis.*represents the statistical significance at 5% level

Index Null: Avg_Pos 
does not cause Ret

Null: Ret does not 
cause Avg_Pos

Null: Avg_Neg 
does not cause Ret

Null: Ret does not 
cause Avg_Neg

NIFTY Auto (3.095) 3.906 (2.0252) 3.906 (0.290) 3.906 (1.2216) 3.906
NIFTY Bank (4.645)* 3.906 (2.0007) 3.906 (5.628)* 3.906 (2.1253) 3.906
NIFTY Financial 
Services (4.303)* 3.906 (0.1333) 3.906 (6.233)* 3.906 (3.534) 3.906

NIFTY FMCG (3.011) 3.906 (0.4527) 3.906 (1.017) 3.906 (2.1504) 3.906

NIFTY IT (0.1807) 3.906 (0.6324) 3.906 (0.192) 3.906 (1.1083) 3.906
NIFTY Media (5.538)* 3.906 (1.27) 3.906 (2.316) 3.906 (2.6826) 3.906
NIFTY Metal (2.998) 3.906 (1.6235) 3.906 (2.201) 3.906 (1.1670) 3.906
NIFTY Pharma (1.9424) 3.906 (0.1088) 3.906 (1.665) 3.906 (0.3402) 3.906

NIFTY PSU Bank (2.112) 3.906 (0.0948) 3.906 (2.253) 3.906 (5.2236)* 3.906
NIFTY Private Bank (4.721)* 3.906 (0.9989) 3.906 (4.838)* 3.906 (1.786) 3.906
NIFTY Realty (0.787) 3.906 (1.6672) 3.906 (0.880) 3.906 (0.2265) 3.906
NIFTY 50 (2.931) 3.906 (0.6998) 3.906 (1.0680) 3.906 (0.7180) 3.906

Table 5. The table depicts the outcome from the Granger-causality test between the volatility (Range-
based) and the positive and negative sentiment indicators. The tables shows the F-statistics and values 
in the paranthesis are the critical. **represents the statistical significance at 1% level

Index
Null: Avg_Pos 
does not cause 

Range_v

Null: Range_v 
does not cause 

Avg_Pos

Null: Avg_Neg 
does not cause 

Range_v

Null: Range_v 
does not cause 

Avg_Neg

NIFTY Auto (1.544) 3.906 (7.2785)** 6.803 (0.303) 3.906 (1.4133) 3.906
NIFTY Bank (0.572) 3.906 (0.3952) 3.906 (0.0614) 3.906 (1.9452) 3.906
NIFTY Financial 
Services (0.0085) 3.906 (0.0162) 3.906 (0.00502) 3.906 (3.664) 3.906

NIFTY FMCG (0.258) 3.906 (1.5992) 3.906 (0.283) 3.906 (1.0615) 3.906
NIFTY IT (6.949) 3.906 (0.4421) 3.906 (1.168) 3.906 (0.001) 3.906
NIFTY Media (1.4404) 3.906 (1.3720) 3.906 (0.491) 3.906 (1.6385) 3.906
NIFTY Metal (1.842) 3.906 (1.6222) 3.906 (1.555) 3.906 (2.3322) 3.906

NIFTY Pharma (0.5576) 3.906 (0.1501) 3.906 (2.763) 3.906 (0.4744) 3.906
NIFTY PSU Bank (1.712) 3.906 (0.1833) 3.906 (0.779) 3.906 (2.4894) 3.906
NIFTY Private Bank (0.444) 3.906 (2.6658) 3.906 (0.492) 3.906 (1.852) 3.906
NIFTY Realty (2.172) 3.906 (6.7960) 3.906 (1.629) 3.906 (2.6142) 3.906

NIFTY 50 (0.215) 3.906 (0.0106) 3.906 (0.0910) 3.906 (1.8157) 3.906
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4. Impulse response

The Impulse Response Function (IRF) is used to examine the response of a variable to a 
unit shock (one standard deviation) in another variable. To assess the influence of the Twit-
ter information on the returns from the Indian equity markets, IRFs are computed on the 
basis of the VAR (Vector Auto Regression) system parameters.  Following Deng et al. (2018) 
IRFs have been used in this study, to perform a detailed sector analysis and look deeper into 
studying the influence of twitter on the equity markets over time. Following (Trusov et al., 
2008), the IRFs are shown graphically so as to get a visual impression of the dynamic inter-
relationships among the stock market returns and the public sentiment indicators derived 
from the Twitter for the sectorial indices NIFTY Private Bank, NIFTY Financial services and 
NIFTY Bank. These sectors are specifically chosen as it is evident from the Table 5 that the 
optimistic and the pessimistic public sentiments can granger-cause the returns of the secto-
rial indices related to the banking and financial services industry i.e. NIFTY Bank, NIFTY 
Financial Services, and the NIFTY Private Bank. Other sectors cannot be analyzed using IRFs 
because there is no evidence of causalty between their returns and the Twitter information. 
The results are displayed in Table 6 (Figure 1 to Figure 6). Other sectors cannot be analyzed 

Table 6. This table shows the graphical representation of the IRFs applied to dynamic interrelationships 
among the stock market returns and the public sentiment indicators derived from the Twitter for the 
sectorial indices NIFTY Private Bank, NIFTY Financial services and NIFTY Bank 

   

Figure 1. Depicts the response of 
Ret to a unit shock in Avg_Pos, 
computed for the index NIFTY 
Private Bank 

Figure 2. Depicts the response of 
Ret to a unit shock in Avg_Neg, 
computed for the index NIFTY 
Private Bank 

Figure 3. Depicts the response of 
Ret to a unit shock in Avg_Pos, 
computed for the index NIFTY 
Financial services 

   
Figure 4. Depicts the response of 
Ret to a unit shock in Avg_Neg, 
computed for the index NIFTY 
Financial Services 

Figure 5. Depicts the response of 
Ret to a unit shock in Avg_Pos, 
computed for the index NIFTY 
Bank 

Figure 6. Depicts the response of 
Ret to a unit shock in Avg_Neg, 
computed for the index NIFTY 
Bank 
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using IRFs because there is no evidence of causalty between their returns and the Twitter 
information.

It is observed in section 4.b. that the movement of the indices related to the banking 
and financial services sectors is significantly influenced by the public sentiments (either the 
optimistic or the pessimistic) expressed on the Twitter. The IRFs help in providing a detailed 
sector analysis. A comparison based on the influence of the positive and the negative senti-
ments on the returns, is provided in Figure 1 to Figure 6. The sectors NIFTY Private Bank, 
NIFTY Financial services and NIFTY Bank are chosen for making the comparisons. The 
stock market returns (Ret) for the sectors and the sentiment indicators (both positive and 
negative) have been confirmed for the stationarity properties (through the ADF and KPSS 
test).

Figure 1 and Figure 2 show that the impact of the positive and the negative sentiments 
on the returns of the NIFTY Private Bank is significantly different from zero only for a pe-
riod of 3 days and 4 days, respectively. The Figure 3 and Figure 4 suggest that the impact of 
the positive and the negative sentiments on the returns of the NIFTY Financial services is 
significant for a period of 6 days and 4 days, respectively. The impact of the positive and the 
negative sentiments on the returns of the NIFTY Bank is observed for a period of 3 and 8 
days respectively, as shown in the Figure 5 and Figure 6. 

5. Robustness of the results

To check the robustness of our results, a lexicon-based approach has been used for the senti-
ment analysis. Although this paper does not aim to test and compare the efficiency of the 
various sentiment analysis algorithms but because the sentiment measures extracted using 
VADER demonstrate insignificant correlation with the majority of the indices in Indian mar-
ket and also that VADER is a domain-independent sentiment classifier, hence it becomes 
imperative to test the results by using another algorithm (specifically designed for the fi-
nancial domain) for sentiment analysis. Following other researchers (Feldman et al., 2010; 
Liu & McConnell, 2013) a finance related lexicon (Loughran & Mcdonald, 2011) is chosen. 
This dictionary consists of negative and the positive words referred in business context. For 
example, the word “capital” is often referred as a negative term but in the context of finance it 
is a neutral term that does not represent any sentiment. The number of positive and negative 
words (for the companies belonging to Nifty50 and any of the economic sectors) in the daily 
tweets, indicates the flow of positive and the negative information. The sentiment analysis 
(with this approach) is performed using the same sample of 15 months (i.e. 1, Aug 2017 to 
10, Nov 2018). Polarity scores for each of the sectors and Nifty50 are computed as:

 

, ,
,

, ,
,

–i j i j
i j

i j i j

Pos Neg
Pol

Pos Neg
=

+
 (7)

where, Poli,j represents the sentiment polarity score at day i for the Nifty50 and the sector j, 
and Negi,j (Posi,j ) is the number of negative (positive) words for the companies constituting 
Nify50 and the economic sector j at day i. 
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Kendall correlations, which quantify the contemporaneous effect of the polarity scores 
on the stock market indicators are calculated for Nifty50 and each of the 11 sectorial indices. 
Table 7 provides the results. The results confirm our previous results (using VADER) that the 
sentiments extracted using the financial context dictionary do not exhibit any significant cor-
relation with the stock market indicators. But the sectorial index of NIFTY Financial Services 
exhibits a small but significant correlation with the public sentiments expressed on Twitter.

Table 7. Kendall correlation coefficients. *represents the statistical significance at 5% level

Index Ret Range_v

NIFTY Auto 0.119 0.065
NIFTY Bank –0.084 0.119
NIFTY FMCG –0.067 –0.012
NIFTY Financial Services –0.133* 0.041
NIFTY IT 0.072 –0.050
NIFTY Media –0.066 –0.093
NIFTY Metal –0.019 0.068
NIFTY Pharma –0.092 0.129
NIFTY PSU Bank –0.075 0.108
NIFTY Private Bank –0.058 0.032
NIFTY Realty –0.021 0.065
NIFTY 50 –0.081 0.008

6. Discussion

The present paper investigates in detail how the Twitter information influences the perfor-
mance of the equity markets of a developing economy, with the evidences from Indian stock 
markets. VADER sentiment Analyzer has been used to extract the optimistic and the pes-
simistic public sentiments from the Twitter data. 

The findings of this paper reveal that the impact of the Twitter information on the per-
formance of the broad indices of the Indian equity markets is not significant. The robustness 
of the results has been confirmed by using another algorithm (Loughran & Mcdonald, 2011) 
for the sentiment analysis. This suggests that the results are indifferent towards the use of 
different sentiment analysis techniques and there exists no significant correlation between 
the Twitter sentiments and the broad market indices (Nifty 50) of the Indian stock markets. 
This might be attributed to the fact that in the developing countries, the use of Informa-
tion and Communication Technologies, especially the social media platforms is still in the 
emerging state as compared to the developed countries (Ilavarasan et al., 2018). Some of the 
reasons attributed to it are the affordability of devices, differential penetration rates, regula-
tory framework, etc. 

This paper also explores the influence of Twitter information on the various economic 
sectorial indices of the Indian economy. The results show that the sectorial indices related to 
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the bank and financial sector (NIFTY Private Bank, NIFTY Financial services, and NIFTY 
Bank) show a small but significant relationship with the Twitter information. A small but 
significant correlation between the NIFTY Financial services and the Twitter sentiments 
is also confirmed using the financial context lexicon (Loughran & Mcdonald, 2011). The 
Granger causality tests also reveal the bi-directional causality between the returns from these 
sectorial indices and the positive and negative sentiments on the Twitter. The impulse re-
sponse function indicates that the influence of the negative information on the stock market 
returns, persists for a longer period as compared to the influence of the positive information. 
The results obtained are interesting since only Banking and financial industry stocks have 
a significant relationship with Twitter sentiment, unlike other markets where all sectors are 
influenced by social networks’ sentiment. The emerging economies offer attractive markets 
to the businesses in the developed economies, but they are still in the developing stage. The 
business strategies that work in the developed countries (such as using social media for in-
formation dissemination) might not be as successful in the developing countries (Ilavarasan 
et al., 2018). 

This study provides answers to the research question raised in this study. The correlation 
coefficients in Table 2 and Table 3 clearly show that the Twitter information has no signifi-
cant influence on the NIFTY50. However, the Metals and the Private Banks sectors’ returns 
are found to be significantly correlated to the negative sentiments derived from the Twitter 
information. Similarly, the results from the granger causalty tests suggest that the positive 
and negative public opinions on Twitter can cause the returns of the sectorial indices NIFTY 
Bank, NIFTY Financial Services, and the NIFTY Private Bank only. Hence we fail to accept 
the hypotheses H4, H6, H12, H16, H18, H22, and H24. On the basis of these results, the answer 
to the research question would be that the Twitter information influences Indian stock mar-
ket to some degree and the impact of positive and negative sentiments differs in lag as well 
as the particular indexes it influences.

Since the results from the Banking and Financial services sector show that there exists 
a significant relationship between the social media information and their stock market per-
formance, indices related to these sectors are analyzed further for quantifying such effects. 
Therefore IRFs have been used for further analysis. The results depicted by the IRFs answer 
the research question raised by the hypothesis H3 in detail. It is clearly suggested (as shown 
in the Figure 1 to Figure 6) that in the sectors NIFTY Private Bank and NIFTY Bank, the 
influence of the pessimistic sentiments on the stock market performance lingers for a longer 
period of time as compared to the influence of the optimistic sentiments. So, the paper is 
interesting because of its results and also because it is the first paper that analyses the im-
pact of Twitter on the various economic sectors of Indian markets. This study also provides 
further evidences to suggest that the rate of adoption of social media information is different 
for different economic sectors.

Research implications

This research has both practical and theoretical implications. Most of the research that inves-
tigates the association between the Internet information and stock markets is concentrated 
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on the developed countries (Agarwal et al., 2019). This may be attributed to the fact that the 
developing economies pose an entirely different set of challenges e.g. stock markets of the 
emerging economies are not fully developed (Claessens & Yurtoglu, 2013). This study shows 
that the Indian stock markets are not efficient with regards to the information available on 
twitter. It shows that the information on the internet does not get automatically reflected in 
the stock prices. Some possible reasons for this might be that the accessibility/affordability 
of the devices is still an issue. It also shows that the informational efficiency with respect to 
the information over the social media, is quite different for the different economic sectors. 
It also provides information as to how the positive and negative information impacts the 
various sectors of a country. 

This study also has some managerial implications. The business managers can focus on 
specialized media channels to reach out to various stakeholders as the mass communica-
tion channels (popular social media) do not seem to have any significant influence on the 
broad market indices. This paper also suggests that the social media adoption rate for NIFTY 
Private Bank and NIFTY Bank is higher than other sectors. Therefore, the business manag-
ers or the social media mangers might consider using Twitter to disseminate more positive 
information and limit the negative content to build a positive image and thus use Twitter as 
an effective channel to reach out to their potential investors in two sectors (NIFTY Private 
Bank and NIFTY Bank).

Conclusions

The paper concludes that the Twitter information has an exceedingly small but significant 
relationship with the stock market performance of the sectorial indices related to the Banking 
and Financial services, in the developing countries. This also reveals that the social media 
can be used as an effective tool for disseminating useful information to the investors in these 
sectors. These new mass media channels might also be considered for retail marketing and 
relationship building with the retail customers. However, this relationship is not present in 
the other economic sectors as well as the over market index (Nifty50). This study empha-
sizes a need to investigate and collect concrete evidences to understand the reasons behind 
this. The results indicate that the negative twitter content has a long-lasting effect on the 
stock markets than the positive content. This suggests that the social media managers should 
carefully monitor their social media content for any negative content. Also, future research 
should focus on examining the reasons for the insignificant correlation between the overall 
performance of the market and the social media content through a detailed analysis of the 
trading behavior of the retail investors in the developing countries. The behavioral aspects 
of using social media information by the investors still need to be explored. Future studies 
can also explore whether there is any inclination towards the country-specific information 
channels on the internet. For this, the financial markets of the other developing countries 
and the information available on their homegrown social media platforms can be studied.

The findings of this research have a few limitations too. Firstly, it is limited to the study 
of the Indian stock markets. The stock markets of the other emerging economies might also 
be explored. Secondly, it only explores the subject through a macro level study and a detailed 
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study at the micro level might help to understand the behavior of the stock markets of the 
emerging economies in light of the information available on the social media. Finally, this 
study is limited to the information available on the Twitter while other media channels could 
also be explored in future studies.

Further research could attempt to enlighten us on the underlying reasons to understand 
why the stock markets of the emerging economies behave differently from the stock markets 
of the developed countries. A study gathering the viewpoints of the investors regarding the 
information available through the social media might also help in furthering the knowledge 
in this field. Future studies can also explore whether there is a preference for the homegrown 
social media platforms over the globally popular social media platforms among the investors. 
This study focuses only on the equity markets, while other financial markets such as deriva-
tives markets can also be included in further studies. A study comprising of a comparison 
of the influence of information from different social media platforms on different financial 
markets can be done in future research. 
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